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Abstract 

Background:  Single cell Hi-C (scHi-C) techniques make it possible to study cell-to-cell 
variability, but excess of zeros are makes scHi-C matrices extremely sparse and difficult 
for downstream analyses. The observed zeros are a combination of two events: struc-
tural zeros for which two loci never interact due to underlying biological mechanisms, 
or dropouts (sampling zeros) where two loci interact but not captured due to insuf-
ficient sequencing depth. Although data quality improvement approaches have 
been proposed, little has been done to differentiate these two types of zeros, even 
though such a distinction can greatly benefit downstream analysis such as clustering.

Results:  We propose scHiCSRS, a self-representation smoothing method 
that improves data quality, and a Gaussian mixture model that identifies structural 
zeros among observed zeros. scHiCSRS not only takes spatial dependencies of a scHi-
C data matrix into account but also borrows information from similar single cells. 
Through an extensive set of simulation studies, we demonstrate the ability of scHiC-
SRS for identifying structural zeros with high sensitivity and for accurate imputation 
of dropout values in sampling zeros. Downstream analyses for three experimental data-
sets show that data improved from scHiCSRS yield more accurate clustering of cells 
than simply using observed data or improved data from comparison methods.

Conclusion:  In summary, scHiCSRS provides a valuable tool for identifying structural 
zeros and imputing dropouts. The resulted data are improved for downstream analysis, 
especially for understanding cell-to-cell variation through subtype clustering.
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Introduction
The spatial organization of chromosomes in a cell nucleus is not random; rather, it is 
dynamic and closely linked to genome functions and disease mechanisms [4]. Har-
nessing the power of next-generation sequencing technologies, the Hi-C technology 
enables a high resolution, genome-wide three-dimensional (3D) view of the chromo-
somal organization [15], and it has been applied to analyze different types of cells 
[3, 12, 24]. The original Hi-C technique produces bulk data, averaging chromosome 
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conformation over millions of cells and resulting in limited information on cell-to-cell 
variability [6]. Recent single cell Hi-C assays, on the other hand, enable the analysis 
of whole-genome structures for single cells [18] and has the potential to identify rare 
cell populations or cell sub-types in a heterogeneous population [22].

Interpreting single cell Hi-C (scHi-C) data is challenging because of data sparsity 
(observed zeros) and low sequencing depth [19]. Due to the increase of data dimen-
sion, the coverage of scHi-C (0.25–1%) is much smaller than that of RNA-seq (5–10%) 
[38], leading to additional difficulty for analyzing scHi-C data. The observed zeros 
are a mixture of two types of events: some are structural zeros because the pairs do 
not interact with each other due to the underlying biological mechanisms, while oth-
ers are dropouts or called sampling zeros as a result of low sequencing depth. While 
dropouts happen at random, structural zeros do not. Differentiating between struc-
tural zeros and dropouts and imputing the latter can lead to improved downstream 
analyses such as clustering and 3D structure inference.

The zero-inflated phenomenon is also observed in single cell RNA (scRNA) 
research. Currently, there is considerable research on imputation for scRNA data, 
with the concept of structural zero well defined and inferences made to distinguish 
structural zeros and dropouts [1, 9, 14, 17, 21, 23, 28, 32, 39]. In contrast, the con-
cept and inference of structural zeros and dropouts have not been widely discussed 
in scHi-C research, although we note that in several papers that aim to assess data 
reproducibility [27, 31], construct 3D structures [40], cluster single cells [38], or infer 
pseudotime path [16], imputing values for observed zeros has been treated as an 
intermediate data enhancing step. In a recent contribution, we explored the potential 
of using scRNA methods for analyzing scHi-C data and achieved some success [7]. 
However, the issue of scRNA methods not accounting for spatial correlation - a hall-
mark of Hi-C data - was also identified.

In the Hi-C literature for quality improvement for bulk or single cells data, ker-
nel smooth, random walk, and convolutional neural network are the main ideas [16, 
27, 31, 38, 40]. The 2D mean filter approach (a kernel smoothing method) directly 
replaces each cell of a 2D contact matrix with the mean count of all contacts in its 
genomic neighborhood. For example, HiCRep [31] applies such a filter to assess the 
reproducibility of Hi-C data, while a recent update, ScHiC-Rep [36], applies a uni-
form kernel to cluster scHi-C data. scHiCluster [38] applies a convolution-based 
imputation including a mean filter to help cluster cells. Different from a 2D mean fil-
ter that takes an average of the genomic neighbors, kernel smooth uses a weighted 
average of neighboring observed counts. The weight is defined by a kernel, which 
gives more weight to closer genomic neighbors. For instance, SCL [40] applies a 2D 
Gaussian function to impute scHi-C contact matrices and further infers the 3D chro-
mosome structures from the enhanced Hi-C data. GenomeDISCO [27], on the other 
hand, uses a random walk on the contact map to “smooth” the observed counts, and it 
shows that taking three steps of the random walk would lead to best results in general. 
scHiCluster [38] also uses the idea of a random walk, but with restarts, to capture the 
topological structure. Convolutional neural network is also an approach commonly 
applied to infer a high-resolution Hi-C matrix from a low-resolution one. HiCPlus 
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[33] and DeepHiC [8] are examples of such supervised learning techniques. Examples 
of combining linear convolution and random walk also exist [16, 38]

Although taking spatial correlation in a 2D data matrix into consideration, the cur-
rent methods as discussed above enhance each Hi-C data matrix independently with-
out considering other information, such as data from similar cells. Further, inference on 
structural zeros and dropouts is rarely discussed, although the identification of such may 
play an important role in downstream analyses. In an attempt to make fuller usage of 
available information and to distinguish structural zeros from dropouts, in this paper, we 
develop scHiCSRS, a self-representation smoothing method. It not only borrows infor-
mation from 2D neighborhoods but also takes similar single cells into account. Further, 
as part of the scHiCSRS package, we propose a Gaussian mixture model to separate the 
zeros into structural zeros and dropouts. Through an extensive set of simulation studies 
and experimental data analyses, we showed that scHiCSRS can accurately identify struc-
tural zeros and impute the dropouts. We also compared scHiCSRS with other methods 
for data quality improvement and downstream clustering analyses.

Methods
The scHiCSRS workflow

The overall goal of scHiCSRS is to enhance scHi-C data and make inference on struc-
tural zeros (Fig.  1). scHiCSRS takes spatial dependencies of scHi-C 2D data structure 
into consideration while also borrows information from similar single cells. scHiCSRS 
was motivated by scTSSR [11] that recovers scRNA data using a two-sided sparse self-
representation method, but there are two major differences. Firstly, scTSSR uses the 
expression of all genes in the same cell while scHiCSRS only considers counts in a 2D 
matrix neighborhood, which helps capture local dependencies [36]. Secondly, scTSSR 

Fig. 1  Schematic of the scHiCSRS algorithm. Input: the input includes multiple scHi-C contact matrices, 
with the colored region of a cell denoting the neighborhood of a position enclosed. Data matrix {Ysk} : the 
single cells are organized into a big matrix, with each row representing a pair of interacting loci and each 
column being the upper triangular part of a single cell contact matrix. SRS: A self-representation model is 
used to enhance the entries in the matrix X (normalized from the observed matrix Y); since SRS only borrows 
information from 2D neighborhoods, the coefficient matrix H is sparse with its values in most positions (not 
in the neighborhood of a position) set to 0; if the input single cells are composed of more than one type, the 
matrix S is also sparse, with only non-zero blocks along the diagonal because we only consider the influence 
from similar single cells organized as groups. Output: the output is the enhanced matrix {Ŷsk} , based on which 
we can perform additional analyses
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has an interaction term that involves elements in the same row and column; however, 
scHiCSRS does not include such a term because other positions in other single cells 
should have no direct influence on the position to be imputed. Based on the quality-
improved data, we further apply a Gaussian mixture model to identify structural zeros, 
as details unfold in the following.

Self‑representation smoothing model

Suppose we have contact matrices for K single cells. Let Yijk represents the observed 
interaction frequency between loci i and j (i ≤ j) for single cell k (k = 1, · · · ,K ) , where 
a locus is a gnomic segment and {Yijk}n×n is a symmetric 2D matrix of dimension n× n 
for each single cell k , 1 ≤ k ≤ K  , where K is the number of single cells and n is the num-
ber of genomic loci considered. We combine the 2D contact matrices of all single cells 
into a big matrix {Ysk} (s = 1, · · · ,N = n(n+ 1)/2, k = 1, · · · ,K ) of dimension N × K  
with each column being the upper triangular (including the diagonal) of a single cell 2D 
matrix. We first normalize each cell so that all cells have the same sequencing depth 
(the median---med---across all cells), then we log-transform the normalized matrix as 
follows:

where ck =
∑

s Ysk/med{
∑

s Ysk , k = 1, · · · ,K } is the depth-adjusted normalization fac-
tor for cell k, and a pseudo count of 1 is added due to the existance of observed zeros.

For each Xsk , there are two types of information that we use for the smoothing process: 
the neighborhood δ(s) and the collection of similar cells δ(k) at the same position; that is, 
δ(s) contains the 2D neighbors of position s (but not s itself ) while δ(k) contains all the 
cells that are similar to k (but not k itself ). To smooth the contact matrix, we assume that 
the contact count of each pair is a linear combination of these two types of information. 
Therefore, we propose the following self-representation smoothing model for obtaining 
a “smoothed” scHi-C matrix:

where the {Hss′ }N×N and the {Sk ′k}K×K  matrices are described as follows, and ǫsk is the 
error term.

For convenience, the neighborhood δ(s) is taken to be a regular one, as shown in Fig. 1, 
although the size and shape may be modified as appropriate (see Discussion). For all the 
data analyses carried out in this paper, we use a regular neighborhood with 24 neighbors. 
This is a 5× 5 squared neighborhood, with the position of interest occupying the center 
of the lattice. The N × N  matrix H = {Hss′ }N×N describes the influence of neighbor s′ on 
position s so that only positions within the neighborhood have a positive coefficient and 
the others are set to 0, leading to a sparse matrix (Fig. 1). Since we work with a vectorized 
upper-triangular contact matrix, the neighborhood information is transformed into the 
vector, and subsequently the H matrix, according to how the matrix is vectorized (e.g. by 

Xsk = ln

[

Ysk

ck
+ 1

]

, s = 1, · · · ,N , k = 1, · · · ,K ,

(1)Xsk =
∑

s′∈δ(s)

Hss′Xs′k +
∑

k ′∈δ(k)

Xsk ′Sk ′k + ǫsk , s = 1, · · · ,N , k = 1, · · · ,K ,
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row, by column, or by diagonal band). However, we note that results are not influenced by 
how the contact matrix is vectorized, since such information is adjusted accordingly in H.

The K × K  matrix {Sk ′k}K×K describes the influence of cell k ′ on cell k and is set in such 
a way that only similar cells k ′ ∈ δ(k) have a positive influence, the rest is set to 0. Thus, if 
the input single cells consist of different types, then the matrix Sk ′k would have non-zero 
blocks along the diagonal with each block being the coefficients for single cells of the same 
type (Fig. 1). At first glance, the first term in the right-hand side of Eq. (1) is similar to ker-
nel smoothing methods, where values from a well-defined neighborhood of a position in 
the 2D matrix are borrowed for imputation. However, there is a key difference between the 
two: while the weights in kernel smoothing are pre-determined by the kernel used (e.g. uni-
form kernel or Gaussian kernel), they are estimated internally (without specifying a ker-
nel) based on the observed 2D matrices. This level of flexibility allows scHiCSRS to find 
the best estimates of the weight matrix H using the data at hand. The additional feature 
that differentiates scHiCSRS from kernel smoothing method is the inclusion of the second 
term in (1), where information from cells of the same type is also utilized. In other words, 
cells of the same type, if such information is available, will be used in our grouping for set-
ting the sparsity in the S matrix. Therefore, although all cells can be analyzed together, cells 
from different types are not mixed. This is reflected in our sparse S matrix, where it is flex-
ibly modeled so that only cells of the same type contribute to the imputed values, and the 
weights are flexibly estimated rather than being fixed.

We estimate the coefficient matrices H = {Hss′ } and S = {Sk ′k} in the self-representation 
smoothing model through a penalized least squared method [11]. We define the following 
objective function:

where || · ||F and || · ||1 are the Frobenius and the l1 norm, respectively, and � is a non-
negative tuning (penalty) parameter. Thus, this may be interpreted as analogous to a 
Lasso-type objective function. According to Gordon’s Theorem [29], a proper Lasso pen-
alty parameter � is in the order of the standard deviation of the noises [35]. For simplicity 
and following the literature [11], we fix an estimate for � before estimating the coefficient 
matrices. Specifically, we used X −mean(X) to estimate the noise matrix and set the 
tuning parameter as � = sd(X −mean(X)) = sd(X) . Technical details of the optimiza-
tion procedure can be found in the Supplementary Material. Once we obtain their esti-
mates, denote as {Ĥss′ } and {Ŝk ′k} , respectively, the imputed value is calculated as

Although the imputed value X̂sk borrows information from the contacts in neighbor-
ing positions in the same cell and other cells at the same position, it does not take the 
observed value Xsk itself into consideration directly. Therefore, we couple the above 
procedure with the idea of a Bayesian model for scRNA data [10]. Specifically, we 
model the observed count Ysk (without normalization or log-transform) as follows: 
Ysk ∼ Poisson(ck�sk) and �sk ∼ Gamma(αsk ,βsk) , where �sk represents the normalized 
(med) true interaction intensity and ck is the normalization factor as defined above. 

f (H , S) = ||X − (HX + XS)||2F + �||S||1,

X̂sk =
∑

s′∈δ(s)

Ĥss′Xs′k +
∑

k ′∈δ(k)

Xsk ′ Ŝk ′k .
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The marginal distribution of Ysk is then a negative binomial, allowing for over-disper-
sion. The prior mean (for the Gamma distribution at the normalized scale) is set to be 
µ̂sk = exp(X̂sk) . The prior variance is estimated by maximizing the likelihood assuming 
independence and common variance across all cells and plugging in the estimated prior 
mean. Reparameterization leads to the estimated shape and rate parameters, α̂sk and β̂sk . 
The posterior distribution is then �sk |Ysk , α̂sk , β̂sk ∼ Gamma(Ysk + α̂sk , ck + β̂sk) . We 
use the posterior mean to estimate �sk as follows:

which is a weighted average of the normalized observed contact counts and the prior 
mean estimated from SRS. The final imputed value for Ysk , in the original scale, is 
Ŷsk = ck �̂sk

Gaussian mixture model

Since the self-representation smoothing model does not have an internal mechanism for 
separating structural zeros from dropouts, we further propose a Gaussian mixture model 
on the imputed data Ŷsk to address this issue. We start by normalizing the imputed matrix 
to the median library size and taking the log10 transformation with a pseudo count 1, the 
same as described in section 2.2, albeit it is now with the imputed, not the raw counts:

We note that the Zsk ’s are not counts nor zeros.
Without loss of generality, we assume all the cells are of the same type so that we can use 

the notation already defined above. If there are multiple known types, then the Gaussian 
mixture model will be applied to each separately. For a pair of loci (i.e. a position in the 2D 
Hi-C data matrix) that has zero interaction counts in all the single cells, they are automati-
cally labeled as structural zeros without being subjected to the mixture analysis. For the 
remaining pairs with zeros in some cells and nonzeros in other cells, collectively denoted as 
S , we assume that

where 
∑G

g=1 η
g = 1 and µ1 < µ2 < · · · < µG . That is, the imputed values at the posi-

tions with observed zero in some cells follow a G-component Normal mixture distribu-
tion. For a position in a cell that has high imputed interaction frequencies, captured by a 
component with a higher mean, an observed zero is more likely a dropout; whereas if the 
imputed interaction frequency is low, captured by a component with a lower mean, then 
an observed zero may be a true structural zero. The parameters are estimated using the 
Expectation-Maximization (EM) algorithm for a given G, and the best G, Ĝ , is selected 
based on BIC [2]. We then calculated PSZ

sk  , the probability of being structural zero for 
each position s ∈ S in each single cell k as follows:

�̂sk =
Ysk + α̂sk

ck + β̂sk
=

ck

ck + β̂sk

Ysk

ck
+

β̂sk

ck + β̂sk
µ̂sk ,

Zsk = log10

[

Ŷsk
∑

s Ŷsk
×med

{

∑

s

Ŷsk , k = 1, · · · ,K

}

+ 1

]

.

Zsk ∼ η1N (µ1, σ 1)+ · · · + ηGN (µG , σG), s ∈ S , k = 1, · · · ,K ,
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where the f’s are the normal density functions, and R is the Gaussian components desig-
nated as the structural zero component(s) based on the following rule. If Ĝ = 2 , the first 
component is chosen to capture structural zeros. If Ĝ ≥ 3 , denote the distances between 
adjacent means to be dj(j+1) = µ̂j+1 − µ̂j , j = 1, 2, · · · , Ĝ − 1 . If ξd12 ≤ d23 for a large 
multiple ξ (say, ξ = 10 ), meaning that the first two components are close to each other 
but are far away from the third component, we choose the first and second as structural 
zero components; otherwise, only the first component is treated as capturing structural 
zeros. If both of the first and second components are already chosen as capturing struc-
tural zeros, we continue the process using the same criterion to ascertain whether addi-
tional successive components, up to Ĝ − 1 , should be chosen. We note that, although 
ξ is set arbitrarily to be a large number equal to 10, it in fact has little impact on the 
outcome, since the distance between the first and second ordered components are typi-
cally much larger than the subsequent distances. Finally, an observed zero is classified as 
a structural zero if PSZ

sk ≥ 0.5 , although other threshold values may also be considered.

Performance evaluation criteria

For simulation studies, since the “ground truth” is known, i.e., which positions in the 2D 
matrix are structural zeros and which observed zeros are dropouts, we consider several 
criteria that make use of such ground truth to evaluate the performance of scHiCSRS 
and compare it with the other data quality improvement methods. We note, though, that 
none of the methods, including scHiCSRS and its comparison methods, use the “ground 
truth” information in the modeling and structural zeros/dropouts inference. First, we 
evaluate the ability of scHiCSRS to identify structural zeros among the observed zeros, 
and to compare its performance with methods in the literature. Specifically, for the com-
parison methods, since they do not have an internal mechanism for identifying structural 
zeros, we label an observed zero as a structural zero if the imputed value is less than 0.5, 
following suggestions in the literature [7]. To measure the ability of a method (scHiC-
SRS or a comparison method) for separating structural zeros from sampling zeros, we 
call the proportion of true structural zeros identified as the power or sensitivity, defined 
as the proportion of underlying structural zeros correctly identified. Similarly, we call 
the proportion of true dropouts, defined as the proportion of underlying sampling zeros 
correctly identified, as the specificity to measure the ability of a method for correctly 
identifying dropouts. Since the identification of structural zeros and dropouts depends 
on the decision rules (a threshold on the probability for the Gaussian mixture model or 
a threshold on the imputed value for the comparison methods), we also explore a range 
of thresholds, with the result measured as the area under the curve (AUC), the receiver 
operating characteristic (ROC) curve, for a more thorough comparison of methods. We 
use the absolute errors between the imputed and the expected values to further assess 
the imputation accuracy of scHiCSRS and the comparison methods. Moreover, we use 
the correlations between the imputed and the expected to measure the aggregate per-
formance of a method to assess the imputation accuracy. In addition to those criteria, 

PSZ
sk =

∑

g :g∈R

η̂g fg (Zsk; µ̂
g , σ̂ g )

η̂1fg (Zsk; µ̂
1, σ̂ 1)+ · · · + η̂Ĝf

Ĝ
(Zsk; µ̂

Ĝ , σ̂ Ĝ)
,
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scatterplots and 2D heatmaps are used to visualize the imputation performance. For 
experimental data analysis, since expected and SZ designations of observed zeros are 
unknown, our analysis of the scatterplot and correlation is restricted to non-zero obser-
vations. We further use the adjusted rand index (ARI) to evaluate the clustering results.

Results
Simulation study

Data generation

To mimic experimental data, we use three 3D structures on a segments of chromosome 
1 (the first 61 mega bases loci) recapitulated using SIMBA3D [25] from three K562 sin-
gle cell Hi-C 2D matrices [5]. For each structure (single cell), based on the estimated 
3D coordinates (xi, yi, zi) (1 ≤ i ≤ 61) , we firstly generate the interaction intensity matrix 
� = {�ij} with the following model:

where dij =
√

(xi − xj)2 + (yi − yj)2 + (zi − zj)2 is the distance between loci i and j; 

xl,i ∼ Unif(0.2, 0.3) , xg ,i ∼ Unif(0.4, 0.5) , and xm,i ∼ Unif(0.9, 1) mimic covariates such 
as fragment length, GC content, and mappability score [20], and βl ,βg , and βm are the 
corresponding coefficients of the covariate terms; α1 is set to -1 following the typical bio-
physical model; and α0 is a scale parameter that we used to control sequencing depths.

These three structures are designated as three “types” (I, II, and III) of single cells. For 
each type, we simulate n single cells, with varying numbers of n’s as described below. 
To simulate sparse 2D matrices with both structural zeros and dropouts, we define a 
threshold b as the lower 10% quantile of the �ij’s. For those �ij < b , we randomly select 
half of them to be structural zeros candidates; among them, 80% are randomly selected 
to be structural zeros across all n single cells. For a particular single cell, we randomly 
select half of the remaining 20% candidates to be structural zeros. For those candidates 
that are selected as structural zeros, their new �ij are set to be zero while for those that 
are not selected to be structural zeros, the �ij values are left unchanged in the original � 
matrix. This procedure makes each single cell has its own specific �∗ matrix (containing 
“expected” values). Based on the �∗ matrix, we generate the contact counts using a Pois-
son distribution with the intensity parameter being the corresponding �∗ij for a particular 
single cell. This step also produces dropouts that are observed zeros but their underlying 
true values are nonzero. Using three sets of parameters (Table S1), we simulated single 
cells for type I, II, and III with three sequencing depths (7k, 4k, and 2k) and three sample 
sizes of cells (10, 50, 100). This data generation process and the parameters chosen fol-
low those in the literature [7].

Simulation study results

In addition to scHiCSRS, we also considered four other methods that have been used 
as an intermediate step to enhance Hi-C data for comparison. These four methods 
represent major categories of methods discussed above. They are mean filter (MF) as 
in HiCRep [31], which replaces each contact with the average count of its neighbor-
hood region; Gaussian kernel smooth (GK) as in SCL [40], which uses a weighted aver-
age of neighboring observed data and the weights are determined by a Gaussian kernel; 

log(�ij) = α0 + α1 log dij + βl log(xl,ixl,j)+ βg log(xg ,ixg ,j)+ βmlog(xm,ixm,j), 1 ≤ i ≤ j ≤ 61,
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random walk (RW) as in GenomeDISCO [27], which takes a 3-step random walk; and 
convolution and random walk (CR) as in scHiCluster and scHiCPTR [16, 38], which 
combines linear convolution with random walk. Since these comparison methods do 
not have a built-in mechanism for identifying SZs, we borrow a criterion from the exist-
ing literature on scRNA-seq [17, 28] and recently in scHi-C [7] that labels a position as 
structural zero if the imputed value is less than 0.5.

We focus on two major tasks for evaluating scHiCSRS and comparing the perfor-
mance with those of the four selected methods. Our first and foremost objective is the 
ability for the methods to correctly separate SZs from the DOs, where a good method is 
one that has a high sensitivity (power) of identifying SZs without including, incorrectly, 
a significant portion of DOs, that is, with high specificity. The second focus is to evalu-
ate the ability of the methods to accurately impute the DOs, evaluated by the criteria 
discussed above, including absolute difference and correlation between the imputed and 
expected values, aided further by visual inspection using scatterplots.

Sensitivity for detecting SZs. For correct identification of SZs (i.e. sensitivity), we see 
that in all settings considered regardless of the sequencing depth (7k, 4k, or 2k), sample 
size (number of cells: 10, 50, or 100 cells), and cell type (I, II, or III), scHiCSRS has a 
power of near 0.9 or higher (Fig. 2a, and Table S2).

In contrast, the performance of the four comparison methods fluctuates greatly with 
sequencing depth: it may be as high as 0.84 when the sequencingx depth is 2k, but may 
be down to zero when the sequencing depth is 7k.

We also used ROC curves to explore the interplay between correct identification of 
structural zeros and dropouts for a fair comparison of all methods, especially since the 
criterion for declaring SZs may perhaps be viewed as arbitrary despite using guidelines 
from the literature. The ROC curves of scHiCSRS go up to 1 quickly (Fig. 2b) and the 
AUC are at least 0.85 for all combinations of sequencing depth, cell types, and number 
of cells (Table  S3). The corresponding ROC curves for the four comparison methods, 
on the other hand, lie much below their scHICSRS counterpart, with the AUC as low 
as 0.52. These results indicate that scHiCSRS has both higher sensitivity and specificity 
than the four comparison methods.

Since structural zeros are critical for downstream analysis such as 3D structure 
construction [30, 34], we are also interested in evaluating the performance of the 
methods when the proportion of correctly identified true structural zeros, the power, 
is kept at a high level. As such, we compare the performance of the four methods 
when the power is fixed at 0.95. For every combination of cell type, sample size, and 
sequencing depth, scHiCSRS maintains a much higher specificity for correctly identi-
fying true dropouts (Fig. 2c and Table S4). Although the performance is not even for 
all combination of scenarios considered, as the specificity may dip down to 0.72 for 
type II cells at sample size 10 with 7k sequencing depth, scHiCSRS still outperforms 
the comparison methods by a big margin, as the best performer among the four com-
parison methods only obtained a specificity of 0.26. In general, one can see that the 
performance of the four comparison methods is not sensitive to the number of cells, 
but is sensitive to the sequencing depth. In particular, for types II and III, the propor-
tions are much smaller when the sequencing depth is 7k.
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Imputation accuracy. For assessing imputation accuracy, we consider the cor-
relation and absolute error between the imputed values and the expected values 
underlying our simulation. We can see that scHiCSRS has the highest correlations 
compared to the other methods in each of the scenarios studied (first row of Fig. 3a 
and Table S5). Even though the correlations are overall the lowest for type III cells, 
the difference still range from 0.13 to 0.23 between scHiCSRS and the best performer 
among the four comparison methods. Evaluation based on the absolute error shows 
that it is the smallest for scHiCSRS across cell types, sample size, and sequencing 
depth (second row of Fig. 3a and Table S6), consistent with the correlation results.

We also visualized the imputation accuracy through the scatterplot between the 
imputed versus expected values (Figs. 3b and S1-S3). scHiCSRS shows tight cluster-
ing of points around the diagonal line, indicating its imputation accuracy. On the 
contrary, the imputed values of the four comparison methods deviate from what are 
expected greatly. Their scatterplots end up with funnel shapes due to more variability 
on larger counts. Further, one can see that, due to a large portion of SZs incorrectly 
classified as DOs (Fig. 2 and Table S4), the scatterplots for the four comparison meth-
ods show a rather obvious red line segment at the zero expected value. In other word, 
the unidentified true SZs were imputed with values covering a significant range. This 
phenomenon is not seen in the scHiCSRS scatterplot. The rest of the red dots with 

Fig. 2  Performance evaluation (average over 100 replicates) of scHiCSRS and comparison methods for type 
I cells with three sequencing depths: 7k (1st column), 4k (2nd column), and 2k (3rd column). a Sensitivity for 
detecting structural zeros; b ROC curves constructed with a range of thresholds for the setting with 100 cells; 
c Proportion of true dropouts correctly detected (specificity) when the detection rate for the proportion of 
true structural zeros (sensitivity) is set to be 0.95
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non-zero expected values, representing true DOs, also show large scattering patterns 
for the four comparison methods, indicating inaccuracy in the imputed values, com-
pared to the tight clustering around the diagonal line for scHiCSRS.

As a further illustration of the ability of scHiCSRS for recovering the underlying 
structures of chromatin interactions, we visualize the 2D heatmaps of the contact 
matrices (Fig.  3c). In the first two heatmaps, we can see that the clean underlying 
(expected) structure is blurred by the existence of sampling zeros that are a mixture 
of SZs and DOs in the observed image. After processed by scHiCSRS, the image is 
almost entirely restored, clearly showing two TADs with well-defined boundaries and 
correct relative magnitudes of contacts. In contrast, the images recovered by MF, GK, 
and CR are blurry. Although the boundaries of the two TADs are clearly demarcated, 

Fig. 3  Comparison of imputation accuracy of scHiCSRS and comparison methods. a Correlation between 
imputed values and expected (row 1) and absolute difference between imputed and expected (row 2) 
for type I cells over three sequencing depths and three sample sizes (number of cells), averaging over 100 
replicates: 7k (1st column), 4k (2nd column), and 2k (3rd column); b Scatterplots of expected versus imputed 
for the first type I single cell with 7k sequencing depth: the red dots represent observed zeros, which contain 
both true SZs (expected = 0) and DOs; c Heatmaps of the first type I single cell with 7k sequencing depth 
showing the data (Observed) and true (Expected) 2D matrix images as well as the results from scHiCSRS and 
the comparison methods (MF, GK, RW, and CR)
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the relative magnitudes within the domains are rather different from the expected, 
corroborating our finings when assessing the accuracies of the imputed values. 
Finally, the heatmap of RW was unable to recover the domain structure, not surpris-
ingly due to the underlying Markovian property of converging to identical rows, even 
just with three steps.

Experimental data analyses and results

We consider three experimental scHi-C datasets to demonstrate the improvement of 
downstream analysis after data improvement with scHiCSRS and compare with the 
results using data improved by the four comparison methods: MF, GK, RW, and CR. For 
all three datasets, the bin size was set to be 1 MB due to the limited sequencing depth in 
the data. We first explored whether the imputed data from scHiCSRS and the four com-
parison methods can improve downstream clustering using the K-means algorithm and 
assessed the results based on the adjusted rand index (ARI). As mentioned earlier, for 
experimental data, the underlying SZs and the expected values for DOs are unknown; 
therefore, our assessment of the quality of imputed data relies on those that have non-
zero observed values, essentially using our scatterplots and correlation analysis tools for 
observed non-zeros. Nevertheless, the imputed values for the non-zero observations 
should not deviate wildly from their observed counterparts. Thus, the scatterplots and 
correlations between the imputed and non-zero observed values were used further to 
indirectly assess whether the imputed values were sensible for the observed zeros.

GSE117874 ‑ GM vs. PBMC

Our first experimental data analysis was on a dataset (GSE117874) that consists of 14 
lymphoblastoid cells (GM) and 18 peripheral blood mononuclear cells (PBMC) [26], 
download from https://​www.​ncbi.​nlm.​nih.​gov/​geo/​query/​acc.​cgi?​acc=​GSE11​7874. We 
used a sub-2D matrix of dimension 30× 30 on chromosome 1 for demonstrating the 
results before and after imputation (Table 1a). We restricted ourself to only a subset of 
the available data so that we can delineate the performances of the various methods. The 
analysis based on the observed data led to a total of eight misclassifications: one GM 
was in cluster C2 with the majority of the PBMC cells, while seven of the PBMCs were 
in cluster C1 with the GM cells. Note that, in this dataset, since the two cells types are 
clearly different and the identity of each of the 32 single cells are known, we can evaluate 
whether clustering results from the observed data (with a total of eight misclassifica-
tions) can be improved after imputation using scHiCSRS and the comparison methods.

The number of zero positions identified to be structural zeros were 154 among the 
14 GM cells and 234 among the 18 PBMC cells. Together with the imputed drop-
out values led to the scHiCSRS-enhanced data, which corrected two of the misclas-
sified PBMC cells (Table  1a), leading to an increase in ARI (Fig.  4a Column 1). On 
the other hand, MF and GK did not result in any improvement - still having eight 
misclassifications; RW led to misclassifications of two more GM and one more PBMC 
cells; and CR corrected one of the misclassified PBMC cells but misclassified an addi-
tional four GM cells. Hence, the ARI remains unchanged for MF and GK, while RW 
and CR lead to much smaller ARI’s. We then computed the correlation between the 
imputed values and the observed non-zeros for each single cell, and one observes 

https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE117874
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high correlations for all cells with the scHiCSRS-imputed data, exhibited as a tight 
box around 1 (Fig. 4a Column 2). In comparison, the correlations are much smaller, 
with much more cell-to-cell variability, for the data imputed from the other four 
methods. To more fully understand the results, we plotted the imputed versus the 
observed for non-zero observed values. One can see that, for scHiCSRS, the points 
are tightly arranged on a straight line (Fig.  4a Column 3), explaining the extremely 
high correlation. In contrast, the point clouds scatter loosely with an obvious funnel 
shape for each of the four comparison methods (Fig. 4a Columns 4-7). Not revealed 
by simply computing the correlation, the plots show that the scHiCSRS-enhanced 
matrix has an appropriate range: the range of the imputed values is comparable to 
that of the observed non-zero values, indicating that the imputed values are likely to 

Fig. 4  Comparison of five methods on three experimental datasets: a GSE117874; b GSE80006; c scm3C-seq. 
Column 1: adjusted rand index (ARI) for assessing clustering; Column 2: boxplots of correlations between the 
imputed and nonzero observed values with the number of cells in each dataset; Columns 3–7: scatterplots of 
imputed versus nonzero observed values for a randomly selected cell with each of the five methods studied

Table 1  K-means (KM) Clustering results for three single-cell Hi-C datasets with the observed and 
improved data from five different methods

CellType KM clusters Observed scHiCSRS MF GK RW CR

(a) GSE117874 - GM vs. PBMC

GM C1 13 13 13 13 11 9

C2 1 1 1 1 3 5

PBMC C1 7 5 7 7 8 6

C2 11 13 11 11 10 12

(b) GSE80006 - K562A vs. K562B

K562A C1 1 2 1 1 1 1

C2 1 0 1 1 1 1

K562B C1 0 0 0 0 0 0

C2 8 8 8 8 8 8

(c) scm3C-seq - L4 cv. L5

L4 C1 76 131 77 77 76 125

C2 55 0 54 54 55 6

L5 C1 105 6 105 104 105 171

C2 75 174 75 76 75 9
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be reasonable for the observed zeros. However, MG, GK, RW, and CR led to sub-
stantially narrower range for the imputed data, especially CR, likely due to the non-
zero observations being “neutralized” by their sparse neighborhoods when repeatedly 
applying random walk until convergence. This phenomenon was also observed for the 
simulated data, although the results were not as extreme.

GSE80006 ‑ K562A vs. K562B

Our second experimental data analysis was on a dataset (GSE80006) that consists of 
scHi-C data of 19 K562A and 15 K562B cells [5], downloaded from https://​www.​ncbi.​
nlm.​nih.​gov/​geo/​query/​acc.​cgi?​acc=​GSE80​006. Our analysis considered all the intra-
chromosomal data of 10 single cells, two K562A and eight K562B, that had a sequencing 
depth of at least 5K. For the rest of the 24 single cells, their sequencing depths were all 
around just 1K, too little to provide sufficient information for data enhancement, even at 
the 1 MB resolution. For the 10 cells with reasonable sequencing depth, all but one were 
correctly classified using the observed data before any data enhancement. The only mis-
classification was a K562A cell, which was grouped with the eight K562B cells in cluster 
C2 (Table 1b).

For data enhanced with scHiCSRS, the misclassified K562A cell was now correctly 
grouped with the other K562A cell in cluster C1. The eight K562B cells remained clus-
tered together in C2, leading to a perfect ARI of 1.0. The ability of scHiCSRS for cor-
rectly classifying the K562A cell could be due to the discrepancies in the percentages 
of structural zeros identified: for the K562A cells, the average percentage of structural 
zeros was 91% (SD = 6.2%); for K562B, the average was much lower at 65% (SD = 2.8%). 
On the other hand, MF, GK, RW, and CR all failed to correct the misclassified cell, and 
thus with the ARI remaining at 0.5 (Table 1b and Fig. 4b Column 1). Not surprisingly, 
the correlation between the imputed and the observed non-zero values are extremely 
high for all single cells with scHiCSRS-improved data, whereas the counterparts for 
MF, GK, RW, and CR are all considerably smaller and with larger variability across cells 
(Fig. 4b Column 2). The high correlations for scHiCSRS are once again reflected in the 
scatterplot of the observed versus the imputed, as the points are clustered tightly on a 
diagonal line, although the range for the imputed data are a bit larger than that for the 
observed (Fig. 4b Column 3). In contrast, there is a great deal of scattering for the data 
imputed with MF, GK, RW, and CR, and the imputed data are all in much smaller ranges 
- less than 1/2 - of that of the observed (Fig. 4b Columns 4-7).

scm3C‑seq ‑ L4 vs. L5

Our third experimental data analysis was on a dataset (scm3C-seq) consisting of scHi-C 
data of human brain prefrontal cortex cells, downloaded from https://github.com/dix-
onla b/scm3C-seq. Our analysis focused on two neuronal subtypes, L4 and L5, which 
are known to locate on two different cortical layers. However, these two subtypes were 
all mixed together using the observed scHi-C data in a previous study [13], although 
they were shown to be two separate subtypes using DNA methylation data. Thus, this 
represents a much more challenging problem than the first two datasets. In our analysis, 
we considered intra-chromosomal data of 131 L4 cells and 180 L5 cells. Our own clus-
tering analysis with the observed data confirms the finding of the previous study that 

https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE80006
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE80006
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the observed scHi-C data were incapable of separating these two subtypes (Table  1c). 
Specifically, 76 of the L4 and 105 of the L5 cells were clustered into C1, whereas 55 of the 
L4 and 75 of the L5 were clustered into C2, a highly mixed result leading to an ARI of 
near zero. We further explored whether the results would improve with a larger number 
of clusters. Our additional analysis showed that increasing the number of clusters would 
not necessarily lead to an improvement of the result since the “elbow” of the cluster-
ing objective measure, the within-cluster sum of squares, occurred when the number of 
cluster was 2 (Figure S4).

Using data enhanced with scHiCSRS, we can see that the clustering result is greatly 
improved: all the 131 L4 cells were clustered together into C1, and all but six of the 180 
L5 cells were clustered together into C2. This led to a much improved ARI of over 0.9 
(Table 1c and Fig. 4c Column 1). There are good correlations between the observed and 
the imputed data for most of the single cells, although the results are not as good as 
those for the first two data sets, reflecting the difficulty of analyzing this third dataset, 
especially for several of the single cells with a low correlation. The greater difficulty of 
handling this dataset is also reflected in the range of the imputed data, which greatly 
exceeded the observed one. Further, although the point cloud still scatters around 
a straight line, it is not as tight as with the first two datasets. Using the imputed data 
from MF, GK, and RW, the clustering results are all practically identical to that using 
the observed data (Table 1c). For CR, the result in fact becomes much worse. Unsurpris-
ingly, the corresponding ARIs are all near zero; the correlations between the imputed 
and observed values are generally lower compared to those from scHiCSRS; and there is 
much more scattering of the imputed versus observed point clouds, especially for those 
imputed with MF, GK, or CR.

Discussion
This paper proposes a self-representation smoothing method, coupled with mixture 
modeling, for scHi-C data quality improvement and identification of structural zeros. 
From both the simulation and the experimental data studies, we can see that scHiCSRS 
outperforms existing methods for the accuracy of imputing the contact counts of drop-
outs based on multiple criteria. We can also see that the Gaussian mixture model has the 
ability to identify components that represent structural zeros in the mixture, which is 
much better than the comparison methods using thresholding as suggested in the litera-
ture. In particular, the results, based on the simulation studies carried out, suggest that 
structural zeros identification in scHiCSRS is not sensitive to sequencing depth given its 
adaptive nature, and is also quite stable for the varying number of single cells. We note, 
though, that incorrect identification of dropouts may lead to worsening performance for 
some combinations of the cell type, sequencing depth, and the number of cells. In con-
trast, the comparison methods are rather sensitive to sequencing depth in calling struc-
tural zeros using a fixed threshold. Although these comparison methods do not appear 
to be sensitive to the number of cells since each cell is analyzed separately, the influence 
of the cell type is much greater. Finally, note that scHiCSRS borrows information from 
neighbors without pre-specifying the weights but rather estimating them adaptively, 
which contributes to its better performance in imputation accuracy. Further, the results 
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do not appear to be sensitive to the shape or size of the neighborhood specification as 
long as there is a reasonable number of neighbors (Supplementary material).

Through the analyses of three experimental datasets, we further demonstrated that the 
improved data from scHiCSRS can positively and greatly impact downstream analyses. 
Using clustering as an example type of downstream analyses, the advantage of scHiC-
SRS-improved data over the comparison methods is clear. Specifically, from the exam-
ples of clustering GM and PBMC cells, K562 cells, and the L4 and L5 prefrontal cortex 
cells, we have seen that data improved with scHiCSRS led to more accurate clustering, 
judging from known cell types. For an experimental data analysis, although it is difficult 
to judge from an absolute sense whether structural zeros were better identified using 
scHiCSRS, we anticipated this being the case from our extensive simulation results 
where the ground truth is known. Further, based on the observed non-zero values from 
the experimental data, we can see that scHiCSRS outperformed MF, GK, RW, and CR in 
terms of preserving the range of observed values, and thus showing greater potential and 
credibility for the imputed observed zeros that are in fact dropouts.

Since A/B compartmental information as well as topologically associated domains 
(TADs) calling information are obtainable for the GM cell line, we sought to under-
stand structural zeros identified by scHiCSRS in terms of their relationships with these 
two pieces of information. For the GM single cells analyzed, we identified a total of 154 
structural zeros, but 112 of them were in a genomic region at the beginning of chromo-
some 1 that was not assigned to a compartment. Of the remaining 42 structural zeros, 
the loci involved are all in the inactive B compartment. This result appears to be biologi-
cal sensible since loci in the B compartment are not expected to be active. In terms of 
TADs, 126 of the 154 structural zeros are between loci in two different TADs, while the 
remaining 28 are between two loci with one in a TAD and the other not in a TAD (either 
in a gap or a boundary region). This result is also biologically interpretable, as we would 
not expect structural zeros to be between two loci within a TAD.

The much better performance of scHiCSRS is inherently linked to its ability of cor-
rectly identifying structural zeros, which plays an important role in clustering. For call-
ing structural zeros using the comparison methods, we rely on a threshold, and our 
results, based on the ROC curves from the simulation, indicate that the performance 
will likely be unsatisfactory regardless of the threshold value chosen. This conclusion is 
not only supported by numerical criteria, but also by examining how close the imputed 
values are to the corresponding observed values and how well the underlying struc-
tures (visualized by heatmaps) can be recovered. One could potentially further utilize 
the structural zero information for downstream analyses. Suppose there are common 
structural zero patterns among cells within each unknown subtype yet different patterns 
across different subtypes, then this information may be leveraged to design novel clus-
tering algorithms that have better discriminating power for identifying subtypes with 
distinct structural patterns.

The advantages of scHiCSRS not withstanding, there are several issues that deserve 
further investigation and improvement. First, although it is clearly seen that scHiCSRS 
outperforms the comparison methods for preserving the range of observed non-zeros 
(Figure 4 Columns 3-7), the performance on the three experimental data sets is uneven. 
For GSC117874, the range is completely preserved, with the imputed values tracking the 
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observed ones almost exactly. This provides the highest confidence in the imputed drop-
out values. For GSE80006, although there is an obvious diagonal line going through the 
pint cloud, the range of the imputed values is more and more inflated as the observed 
values get larger and larger; that is, the diagonal line going through the point cloud is 
not at 45 degree. This pattern is also seen for the scm3C-seq data, where the issue is 
further exacerbated by the scattering of the point cloud no longer tightly around a line, 
but rather around a band. To potentially remedy this problem, we will explore other nor-
malization methods, including first applying BandNorm [37] for biophysical property 
confirmation before sequencing depth normalization to the median.

Another issue is related to computation, in particular, regarding the large memory 
requirement of scHiCSRS. As the dimension of the scHi-C contact matrix increases, the 
memory space it requires increases exponentially, making it difficult to run on a local 
computer. Further, scHiCSRS can be more computationally intensive compared to the 
other methods, especially when the number of cells analyzed together is large, as in the 
case of the L4 and L5 prefrontal cortex data (Fig. 5). This is not surprising given that, for 
scHiCSRS, all cells are analyzed simultaneously to borrow information from one another 
to increase statistical power and imputation accuracy, whereas the other methods ana-
lyze each cell separately. However, we believe that the fuller use of available information 

Fig. 5  Computation time of five methods for experimental and simulated data: a simulated data with 100 
cells and three different sequencing depths: 2K, 4K, and 7K; b three sets of experimental data: GSE117874, 
GSE80006, and scm3C-seq
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and thus the much better performance of scHiCSRS justifies its computational cost, 
especially since it is still practically feasible. Nevertheless, effort will continue to be 
made to further improve the computational efficiency. One potential solution is to break 
a big dataset (say, with upward of a thousand of single cells) into smaller, manageable, 
subsets (say, in the lower hundreds) in the imputation steps. Then, all imputed values 
can then be analyzed jointly in the Gaussian mixture step for structural zeros inference. 
This could lead to the scalability of scHiCSRS although at a cost of some information. 
Another possible improvement is to use additional available information to enhance the 
contact matrices. In the current scHiCSRS model, we only borrowed information from 
the neighborhood and similar cells, although we could extend the formulation to incor-
porate information from bulk data. One possibility is to assume that the imputed count 
is a weighted average of neighborhood regions, similar cells, and bulk data.

Conclusion
This paper proposes scHiCSRS, which provides a valuable tool for identifying structural 
zeros and imputing dropouts. The resulted data are improved for downstream analyses, 
especially for understanding cell-to-cell variation through subtype clustering. Given that 
the observed zeros are a mixture of zeros that reflect true underlying biological mecha-
nisms and those that are simply due to insufficient sequencing depth, the ability to tears 
out these two pieces is critically important for downstream analyses as we have dem-
onstrated. If all zeros were treated as dropouts and imputed as small observed values, 
then significant differences in cells that are attributed to varying regulation mechanisms 
would be lost and their distinction would be much more difficult to ascertain. By call-
ing structural zeros with high sensitivity, we greatly restore the data to better reflect 
the underlying true biological mechanism. In summary, since single cell Hi-C data 
are important for studying cell variability in gene regulation, and since it is commonly 
acknowledged that single cell Hi-C data need to be improved for better downstream 
analysis, we believe this work is timely and addresses a problem of scientific importance.
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